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2QH RI WKH OLIH-OLPLWLQJ FRPSRQHQWV RI DQ $GYDQFHG *DV FRROHG 5HDFWRU $*5 LV LWV
JUDSKLWHFRUH7KHEULFNVSUHVHQWLQWKHFRUHXQGHUJRUDGLRO\WLFR[LGDWLRQWKURXJKRXWWKHLUOLIHWLPH




EULFNV E\ FRPELQLQJ WKH ODEHOV GHULYHG IURP LQIUHTXHQW GHWDLOHG LQVSHFWLRQV RI WKH FRUH ZLWK
XQODEHOHG PRUH IUHTXHQW PRQLWRULQJ PHDVXUHPHQWV WDNHQ GXULQJ UHIXHOLQJ RSHUDWLRQV 6HPL-
VXSHUYLVHGPDFKLQHOHDUQLQJZKLFKLVDQHPHUJLQJILHOGLQQXFOHDUSRZHUFRQGLWLRQPRQLWRULQJLV




LPSURYHPHQW LQ WKH FODVVLILFDWLRQ RI JUDSKLWH EULFNV XVLQJ D VHPL-VXSHUYLVHG PDFKLQH OHDUQLQJ
FODVVLILHU FRPSDUHG WR VXSHUYLVHG PDFKLQH OHDUQLQJ FODVVLILHUV 7KLV LPSURYHG FODVVLILFDWLRQ
SHUIRUPDQFH LVHQFRXUDJLQJDV LWGRHVQRW UHTXLUH WLPHFRQVXPLQJDQGFRVWO\KXPDQDQDO\VLV WR
REWDLQH[WUDOHDUQLQJLQIRUPDWLRQIURPDYDLODEOHGDWD 
.H\:RUGV0RQLWRULQJ6HPL-6XSHUYLVHG/HDUQLQJ6HOI-7UDLQLQJ 
1  INTRODUCTION 





WKHLU OLIHWLPH %URFNOHKXUVW DQG .HOO\ >@ KDYH VKRZQ WKDW DV JUDSKLWH LV LUUDGLDWHG LW VKULQNV XQWLO D
WXUQDURXQG SRLQW ZKHUH WKH JUDSKLWH WKHQ VWDUWV WR H[SDQG  :KHQ WKH JUDSKLWH LV IRUPHG LQWR KROORZ
F\OLQGULFDOEULFNVDQGLUUDGLDWHGIURPWKHLQQHUERUHVXUIDFHDVLVIRXQGLQWKHJUDSKLWHFRUHVWKLVKDVWKH
HIIHFWRIEXLOGLQJXSLQWHUQDOVWUHVVHVZLWKLQWKHEULFNVZKLFKFDQOHDGWRFUDFNLQJ:KHQWKLVWXUQDURXQG
SRLQW LV UHDFKHG WKH LQWHUQDOVWUHVVHVZLWKLQ WKHEULFNVDOVRFKDQJHVZKLFKFDQ LQWURGXFHQHZFUDFNLQJ





GDWD XVLQJ D VHPL-VXSHUYLVHG PDFKLQH OHDUQLQJ DOJRULWKP 7KH SDSHU GHVFULEHV KRZ XWLOL]LQJ PRUH
IUHTXHQWO\ DYDLODEOH XQODEHOHG GDWD FDQ LPSURYH IDXOW GHWHFWLRQ IURP QHZSUHYLRXVO\XQVHHQ GDWD7KH
QRYHOW\RIWKHZRUNLQWKLVSDSHUVWHPVIURPWKHLQYHVWLJDWLRQRIVHPL-VXSHUYLVHGOHDUQLQJWHFKQLTXHVDVD
PHWKRG WR GHWHFW WKH SUHVHQFH RI FUDFNV LQ JUDSKLWH EULFNV IURP UHIXHOLQJ PRQLWRULQJ GDWD 7KH WUXH
EHQHILW RI VHPL-VXSHUYLVHG OHDUQLQJ LV WKH FRVW DQG WLPH VDYLQJV WKDW FRXOG RFFXU E\ PDNLQJ XVH RI
XQODEHOHGGDWD7KLVXQODEHOHGGDWDLVFXUUHQWO\PDQXDOO\DQDO\]HGZKLFKLVDWLPHFRQVXPLQJSURFHVV 
2 BACKGROUND INFORMATION 
The use of Fuel Grab Load Trace (FGLT) data to provide health information about the state of the 
graphite core is an ongoing research area. The earliest use of the FGLT data for condition monitoring was 
the generation of database to store the fuel channel and graphite brick FGLT responses to create a 
benchmark of normal behavior of the bricks and identifying any anomalous bricks. Simulated anomalous 
brick FGLT data, such as cracks, were obtained from experimental rig work to provide understanding of 
how certain crack configurations would manifest themselves in the FGLT response [3][4]. More recent 
work is ongoing to create a model that explains the relationship of the FGLT data to the bore diameter 
measurements of fuel channels [5]. The model isolates a component relating to stabilizing brush friction, 
which in turn is used to estimate the channel bore diameter. 
Semi-supervised learning is an emerging concept in the field of fault detection in nuclear power 
stations, with only two instances being reported in the literature [6][7]. Semi-supervised learning has been 
shown to be useful to be able to generate a fault diagnostic classification system for a CANDU simulator 
and nuclear process components facility when there is limited training data available [6]. Initially limited 
offline data is analyzed and labels are associated to the faults. Then, during online operation, faults are 
detected and using a graph based semi-supervised clustering model they are provided a label. It was found 
that although only a limited amount of labeled data with uncertainty was used as training data all faults in 
the data were correctly diagnosed. Additionally the combination of both supervised and semi-supervised 
learning has been shown to be used to identify transients in nuclear power station data [7]. Both known 
and unknown transients are used to train a classifier which identifies further unknown transients. It was 
shown that this method of applying labels to the unknown transients resulted in an improvement in 
performance for transient identification compared to previously developed classifiers.  
3 MONITORING AND INSPECTION 
3.1 Fuel Grab Load Trace Data 
)*/7GDWDLVREWDLQHGGXULQJWKHUHIXHOLQJSURFHVVRI$*5V5HIXHOLQJHYHQWVRFFXUURXJKO\HYHU\
-ZHHNVRQDVPDOOVHOHFWLRQRIFKDQQHOVDQGFDQEHSHUIRUPHGZKHQWKHUHDFWRULVRIIOLQHRURQOLQHDW
UHGXFHG JHQHUDWLRQ FDSDFLW\  'XULQJ UHIXHOLQJ WKH ORDG YDOXHV RI WKH IXHO VWULQJHU EHLQJ UHPRYHG
GLVFKDUJHDQGLQVHUWHGFKDUJHDUHUHFRUGHGDQGVWRUHG7KLVGDWDLVUHTXLUHGWREHUHFRUGHGDQGVWRUHG
IRU VDIHW\SXUSRVHV WRGHWHFW IDXOWV WKDWRFFXUGXULQJ WKH UHIXHOLQJSURFHVV VXFKDV IDLOXUHRI WKH WLH-EDU
ORDGPHFKDQLVPOHGJLQJDQGIDOVHERWWRPLQJ>@$QH[DPSOHRID)*/7LVVKRZQLQ)LJXUH7KHWZR
WUDFHV VKRZQ DUH WKH FKDUJH UHG WUDFH ORZHU ORDG YDOXH DQG GLVFKDUJH EOXH WUDFH KLJKHU ORDG















Inspections of the graphite bricks occur every 1-3 years during planned, periodic outages. Before 
these outages core engineers select candidate channels to be inspected based on a number of factors such 
as those known to contain defects of interest, those which show unusual characteristics in the refueling 
data trace  or regions of the core that are underrepresented by inspections to date.  This is done to obtain 
greater understanding of the entire core and the CHANSELA software system has been developed to 
support this [9]. It is not practical to obtain inspection data for the entire core as it would be too costly to 
have the reactor out of operation for extended periods of time. During these inspections physical 
measurement and visual equipment called the Channel Bore Inspection Unit (CBIU) or New In-Core 
Inspection Equipment mark 2 (NICIE2) are inserted into and removed from the empty fuel channels at 
various orientations [10]. At multiple orientations visual footage is recorded showing the fuel channel 
walls, while the diameter throughout the channel is also recorded. After the inspection is complete 
engineers examine the inspection data and identify any abnormalities on the channel such as cracks. 
Figure 1. Example of a discharge (blue) and charge (red) trace obtained from the same refueling event, with a 
magnified example of a single brick layer. 
These are then reported in the Television Graphite Assessment Panel (TV-GAP) reports with the type of 
defect found in the graphite and additional information such as description and dimensions of the features. 
The devices can also be reinserted and maneuvered to obtain better images of defects such as cracks. 
Once the inspections have been performed the fuel stringers can be reinserted into the fuel channels. 
It is important to clarify that during the offload visual and physical inspections it is required to 
remove the fuel stringers of the respective channels being inspected. Therefore for every inspection that 
occurs there is a matching set of monitoring FGLT data, meaning that for offload FGLT data a label can 
be provided to the various layers in the trace indicating if there are cracks present. 
4 GRAPHITE BRICK CRACKS 
Cracks in AGR graphite bricks can be caused by a number of reasons, some cracks occurred in the years 
following construction that are not associated with the ageing process in the core. Other cracks developed 
much later in the lifetime of the reactor due to the stress that is exhibited on the bricks due to weight 
change caused by irradiation [11]. Cracks occurring in graphite bricks can manifest in numerous ways and 
detailed categorization of their features are recorded in the TV-GAP reports produced at inspections. 
However for these cracks to be noticeable in the FGLT there has to be a change in the diameter of the fuel 
channel which will result in a different frictional response in load than a normal brick. This resulting 
change in load value in the FGLT varies with the type of crack and the magnitude of the dimensional 
change that has occurred. An example of a brick trace which has cracks present is shown in Figure 2 
where a circumferentially cracked brick and an axially cracked brick have been indicated. The 
circumferential crack results in the narrowing of the fuel channel which corresponds to a prominent spike 
in the FGLT trace.  However, the presence of the axial crack in Figure 2 is much more subtle and depends 
upon a number of factors, such as where the crack initiated from, whether it covers the full height of the 
brick and whether the crack has opened up. Domain expertise of graphite core engineers is key to 
determining the presence of these types of cracks and has been used to guide the selection of suitable 
features in the data to be used as inputs to a semi-supervised classifier. 
Figure 2. A full FGLT trace containing both an axially cracked brick and a circumferentially cracked brick 




5 SEMI-SUPERVISED LEARNING 
Semi-supervised learning is a machine learning technique which combines principles from both 
supervised and unsupervised machine learning methods. Typical supervised learning for classification is 
the default machine learning method, where a relationship between input and output data is explored 
through learning examples with a supply of ground truth training data. Unsupervised learning is focused 
on determining the underlying patterns and distributions of data with no information about the outputs 
[7]. Examples of unsupervised learning include clustering data into similar groupings, identifying 
anomalous data sample or reducing the dimensionality of data while retaining its characteristics. Semi-
supervised learning combines both aspects of supervised and unsupervised learning by using both labeled 
data (input data with ground truth value) and unlabeled data (only input data) to improve performance 
than just using either labeled or unlabeled data in isolation. This can be seen as supervised learning that 
uses the statistical properties of all data to construct a classifier or unsupervised learning that assigns 
meaning to patterns or groupings based on known data [7]. 
Semi-supervised learning is often applied to many problems where there is a disparity between the 
amount of labeled data and unlabeled data. This often occurs due to the abundance of sensors recording 
operational data and as a result it is costly to provide labels to that data. In the case considered here 
detailed inspections to understand the health of the graphite can only be performed when the reactor is 
offline and only on a select number of fuel channels in parallel FGLT data is obtained from these 
channels. FGLT data is also produced at scheduled refueling events, while the reactor is operating at 
reduced capacity, on a more frequent basis but contains no corresponding ground truth information to 
apply to this data. Overall, the number of online refueling events greatly outnumbers the number of 
offline events which have associated labels. 
5.1 Feature Extraction 
Initially the features that have been chosen as inputs to the classifier were the base calculations 
which are obtained from the M/W point features [4]. The M/W point features shown on stylized discharge 
brick trace which can be seen in Figure 2.  They are named after the general shape of a single brick in the 
FGLT, where a singlHEULFNFDQHLWKHUEHVLPSOLILHGWRSRLQWVWKDWORRNVLPLODUWRWKHOHWWHUV³0´DQG
³:´. The points are calculated from different regions of the bricks with how their values are obtained 
shown in Table 1 where 0-100% indicates a relative location from the bottom of the brick to the top of the 
brick or left to right in the FGLT as indicated in Figure 3. These values were chosen to be able to obtain 
the key shape of the response of a single graphite brick in the trace. The base calculations then develop 
this further by performing operations on the bricks and their neighbors. These operations were originally 
chosen by graphite core engineers as a guideline to detect abnormal bricks and the calculations to obtain 
them can be seen in Table 2 where the subscripts to the M/W points are indicating if they are obtained 
from the neighboring bricks specifically the upper or lower bricks indicated by U and L respectively. 
Additional features that were in included were the difference between the current bricks average load and 
the average load of the neighboring bricks, both upper and lower. The last feature was the difference in 
load of the height of the highest peak in the middle 20-80% of the brick layer and the average load over 
that same region.  
0% 100% 
Figure 3. Single brick trace including interface regions with accompanying illustration of the M/W point 
features on stylized representation of a single brick  FGLT. 







Table 2. Basic calculations for feature selection obtained from W point data for discharge trace [4] 
5.2 Self-Training 
The self-training algorithm [12] is the simplest form of semi-supervised learning. Self-training is a 
wrapper algorithm which means that any base classifier can be used provided the base classifier can 
assign a confidence score of predicted data. The self-training algorithm can be seen in Figure 4. 
 
A The maximum load value between 0-10% of the brick 
B The minimum load value between 10-25% of the brick 
C The maximum load value between 25-75% of the brick 
D The minimum load value between 75-90% of the brick 
E The maximum load value between 90-100% of the brick 
BC1 Height of the upper brick interface peak for the previous brick layer (EL-DL) 
BC2 Difference between the upper brick interface for the previous brick layer and the lower 
brick interface for the current layer (A-EL) 
BC3 Height of the lower brick interface peak for the current layer (A-B) 
BC4 Difference in the peak base heights between the upper brick interface for the previous brick layer 
and the lower brick interface for the current brick layer (B-DL) 
BC5 Difference in the peak base heights between the upper brick interface for the current brick layer 
and the lower brick interface for the next brick layer (D-BU) 
BC6 Difference in the upper brick interface peak for the current brick layer (E-D) 
BC7 Difference between the upper brick interface for the current brick layer and the lower brick 
interface for the next brick layer (E-AU) 
BC8 Height of the lower brick interface peak for the next brick later (AU-BU) 











Figure 4. Flow chart of semi-supervised self-training algorithm 
High confidence unlabelled classification 
6HOI-WUDLQLQJLQLWLDOO\LQYROYHVVSOLWWLQJWKHDYDLODEOHGDWDVHWLQWR ODEHOHGDQGXQODEHOHGLQVWDQFHVRI
GDWD DQG GHFLGLQJ ZKLFK EDVH FODVVLILHU WR LPSOHPHQW 7KH ODEHOHG GDWD LV WKHQ XVHG WR WUDLQ WKH EDVH
FODVVLILHU2QFHWKHFODVVLILHUKDVEHHQWUDLQHGWKHXQODEHOHGGDWDLVVXSSOLHGWRLWWREHFODVVLILHG$VXEVHW
RI WKH KLJKHVW FRQILGHQFH GDWD LQVWDQFHV LV WKHQ SURYLGHG ZLWK ODEHOV IURP WKH FODVVLILHU 7KH QHZO\
ODEHOHGGDWDLQVWDQFHVDUHWKHQUHPRYHGIURPWKHXQODEHOHGJURXSDQGDGGHGWRWKH ODEHOHGJURXS7KLV
SURFHVV LV WKHQ UHSHDWHG E\ WUDLQLQJ QHZ FODVVLILHUV DQG WR DSSO\ ODEHOV WR PRUH XQODEHOHG GDWD XQWLO
GHILQHGFULWHULDLVPHWVXFKDVDOOWKHXQODEHOHGGDWDHYHQWXDOO\EHLQJSURYLGHGDODEHO2QFHWKHFULWHULRQ
LVPHWDILQDOFODVVLILHULVWUDLQHGZKLFKLVWKHQXVHWRFODVVLI\IXWXUHGDWD 
6HOI-WUDLQLQJ KDV EHHQ LPSOHPHQWHG XVLQJ WZR EDVH FODVVLILHUV WKHVH ZHUH DQ $UWLILFLDO 1HXUDO
1HWZRUN$11DQGDOLQHDU6XSSRUW9HFWRU0DFKLQH6907KHFRQILGHQFHVFRUHVWKDWZHUHXVHGIRU
WKH$11ZHUHWKHRXWSXWVFRUHVRIWKHQHWZRUN7KHVHLQGLFDWHWKHOLNHOLKRRGRIWKHRXWSXWEHLQJFRUUHFW
EDVHG RQ WKHLU WUDLQLQJ DQG YDU\ EHWZHHQ - ZLWK  EHLQJ VWURQJ FRQILGHQFH LQ WKH FODVVLILFDWLRQ
7KHUHIRUH GDWD WKDW KDV DQ RXWSXW WKDW H[FHHGV WKH GHILQHG WKUHVKROG RI  FDQ EH DVVXPHG WR EH
FODVVLILHGFRUUHFWO\WREHDSSOLHGDODEHO6LPLODUO\WKHFRQILGHQFHVFRUHIRUWKH690LVWKHGLVWDQFHWKDW





6.1 Available Data 
7KHGDWD WKDWLVDYDLODEOHDQGXVHG WRWUDLQWKHVHOI-WUDLQLQJDOJRULWKPLV IURPURXJKO\DGHFDGHRI




RI LQVSHFWLRQGDWDZKLFKFDQEHSDLUHGZLWK DVVRFLDWHG)*/7GDWD WR H[WUDFW WKHSUHYLRXVO\PHQWLRQHG
IHDWXUHV$GGLWLRQDOO\WKHUHDUHDIXUWKHULQVWDQFHVRILQVSHFWLRQGDWDWKDWFDQEHXVHGDVWUDLQLQJGDWD
7KHVHDUHREWDLQHGIURPFKDQQHOVZKLFKKDYHKDGLQVSHFWLRQVDQG)*/7PRQLWRULQJGDWDEXWQRWDW WKH
VDPH WLPH:KHQ WKHPRQLWRULQJGDWDRFFXUVSULRU WR WKH LQVSHFWLRQGDWDRQO\XQFUDFNHGEULFNVFDQEH
LQFOXGHGDVWUDLQLQJGDWDDVLWLVNQRZQWKDWWKH\ZHUHDOVRXQFUDFNHGLQWKHSDVW6LPLODUO\RQO\FUDFNHG
EULFNVFDQEHXVHGZKHQPRQLWRULQJGDWDLVREWDLQHGDIWHUWKHLQVSHFWLRQGDWDDVWKHUHLVQRJXDUDQWHHWKDW
WKHXQFUDFNHGEULFNVKDYHQRWFUDFNHG LQ WKH WLPHEHWZHHQ LQVSHFWLRQDQGPRQLWRULQJ/DVWO\ WKHUHDUH
 XQODEHOHG WUDFHV ZKLFK GR QRW KDYH DQ\ DVVRFLDWHG LQVSHFWLRQ GDWD 7KLV ODUJH GLVFUHSDQF\ LQ








HDFK WUDLQLQJ VHVVLRQ WR HVWDEOLVK KRZ WKH FKDQJLQJ DPRXQW RI LQLWLDO GDWD DIIHFWV WKH DOJRULWKP 7KH
DYDLODEOHXQODEHOHGWUDLQLQJGDWDZDVDYDLODEOHIRUHDFKLQVWDQFHRIWKHWUDLQLQJDQGWKHDYHUDJHFRUUHFW
FODVVLILFDWLRQZDVFDOFXODWHGXVLQJWKHWHVWVHW7KLVZDVSHUIRUPHGWLPHVDWHDFKLQFUHPHQWDQG
WKH DYHUDJH SHUIRUPDQFHV FDOFXODWHG 7KLV ZDV FRPSOHWHG IRU ERWK DQ $11 DQG D 690 DV WKH EDVH




















Figure 5. Performance results for semi-supervised self-training ANN compared to supervised ANN with 
varying amounts of labelled training data used 
Figure 6. Performance results for a semi-supervised self-training SVM compared to supervised SVM with 
varying amounts of labeled training data used 
,W FDQ EH VHHQ WKDW WKHUH LV DQ LPSURYHPHQW LQ FODVVLILFDWLRQ SHUIRUPDQFH DFFXUDF\ ZKHQ XVLQJ
XQODEHOHGGDWDDVFRPSDUHGWRXVLQJRQO\ODEHOHGGDWDIRU$11KRZHYHURYHUDOOWKHSHUIRUPDQFHLVQRW
\HW VXIILFLHQW WR EH IXOO\ UHOLDQW RQ WKLV PHWKRG RI LGHQWLI\LQJ WKH FUDFNHG EULFNV &RQYHUVHO\ WKH VHOI-
WUDLQHG 690 GRHV QRW VKRZ PXFK RI DQ LPSURYHPHQW RYHU WKH VXSHUYLVHG 690 7KLV RFFXUV DV
FRQWLQXDOO\FKRRVLQJWKHPRVWFRQILGHQWGDWDUHVXOWVLQODEHOHGLQVWDQFHVZKLFKDUHYHU\IDUIURPWKHRWKHU
FODVVLILFDWLRQ LQ WKH IHDWXUH VSDFH DQG RIWHQ WKH\ ZLOO QRW EH XVHG LQ JHQHUDWLQJ WKH IXWXUH VHSDUDWLQJ
K\SHUSODQHERXQGDULHV+RZHYHULWLVZRUWKQRWLQJWKDWWKHVHOI-WUDLQHG$11VSHUIRUPHGWKHEHVWRXWRI
DOOOHDUQLQJPHWKRGVWHVWHGDQGLVDQLPSURYHPHQWFRPSDUHGWREDVLFVXSHUYLVHGPDFKLQHOHDUQLQJ 






WKLV SDUWLFXODU DSSOLFDWLRQ WKHUH LV VWLOO LQIRUPDWLRQ WR EH OHDUQHG DERXW WKH FODVVLILFDWLRQ RI FUDFNV WKDW
FDQQRWEHREWDLQHGIURP WKHFXUUHQWO\DYDLODEOHGDWD7KLVPHDQV WKDWXQWLO D VXLWDEOHDPRXQWRI IXWXUH
LQVSHFWLRQVKDYH WDNHQSODFHXQODEHOHGGDWD LVDYLDEOH VROXWLRQFRPSDUHG WRSXUHO\ ODEHOHG LQVSHFWLRQ
GDWD 












$QRWKHU LPSURYHPHQW WKDW VKRXOGEHPDGH LQ WKH IXWXUH LVEHLQJDEOH WR WUDLQ WKHDOJRULWKPV IURP
PRUHWKDQRQHOD\HULQWKHFRUHRUIURPRWKHUUHDFWRUVRIVLPLODUGHVLJQ7KLVKDVWKHEHQHILWRISURYLGLQJ
ERWKXQODEHOHGDQGODEHOHGDGGLWLRQDOGDWD 




WKDQ FRPSDUHG WR D VXSHUYLVHG FODVVLILHU ZKHQ WKH EDVH FODVVLILFDWLRQ DOJRULWKP ZDV DQ$11 ,W ZDV
VKRZQ WKDW E\ XWLOL]LQJ WKH XQODEHOHG GDWD ZKLFK SUHYLRXVO\ LV XQXVHG RU ZRXOG UHTXLUH D ODUJH WLPH
FRPPLWPHQWIURPDVSHFLDOLVWWRDSSO\DVSHFXODWLYHODEHOLPSURYHVWKHDELOLW\IRUJUDSKLWHEULFNKHDOWKWR
EH FODVVLILHG FRUUHFWO\ 7KLV ZRUN KDV DOVR KLJKOLJKWHG KRZ SURYLGHG WKH FODVVLILFDWLRQ SHUIRUPDQFH
LPSURYHV WKH VHPL-VXSHUYLVHG OHDUQLQJ DSSURDFK FRXOG EH XVHG WR DXJPHQW WKH H[LVWLQJ PDQXDO
DVVHVVPHQWE\OHYHUDJLQJPRUHRIWKHDYDLODEOHXQODEHOHGPRQLWRULQJGDWD 
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